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ABSTRACT  1 
This paper investigates the effect of High Visibility Enforcement (HVE) programs on different 2 
types of aggressive driving behavior, namely, speeding, tailgating, unsafe lane changes and ‘other’ 3 
aggressive driving behavior types (occurrence of not-yielding right-of-way and red light or stop 4 
signs violations).  For this purpose, the Second Strategic Highway Research Program (SHRP2) 5 
Naturalistic Driving Study (NDS) data are used, which include forward-facing videos and time 6 
series information with regard to trips conducted at or near the locations of HVE implementation.  7 
To capture the intensity and duration of speeding and tailgating, scaled metrics are developed.  8 
These metrics can capture varying levels of aggressive driving behavior enabling, thus, a direct 9 
comparison of the various behavioral aspects over time and among different drivers.  To identify 10 
the effect of HVE and other trip, driver, vehicle or environmental factors on speeding and 11 
tailgating, while accounting for possible interrelationship among the behavior-specific scaled 12 
metrics, Seeming Unrelated Regression Equation (SURE) models were developed.  To analyze the 13 
likelihood of occurrence of unsafe lane changes and ‘other’ aggressive driving behavior types, a 14 
grouped random parameters ordered probit model with heterogeneity in means and a correlated 15 
grouped random parameters binary logit model were estimated, respectively.  The results showed 16 
that drivers’ awareness of HVE implementation has the potential to decrease aggressive driving 17 
behavior patterns, especially unsafe lane changes and ‘other’ aggressive driving behaviors. 18 
 19 
Keywords: High-visibility enforcement; Speeding; Tailgating; Unsafe lane changes; Aggressive 20 
Driving Behavior; Grouped random parameters. 21 




Aggressive driving behavior has been recognized as one of the most significant risk factors 2 
affecting the occurrence of traffic accidents (NCHRP, 2003; Paleti et al, 2010; Tarko et al., 2011; 3 
Sarwar and Anastasopoulos, 2016; Sarwar et al., 2017b).  In fact, 27% of traffic fatalities in 2015 4 
involved at least one speeding driver along with other aggressive driving activities such as failure 5 
to yield right-of-way (7%) and unsafe lane changes (7.5%) (Tasca, 2000; National Center for 6 
Statistics and Analysis, 2017).   7 
Aggressive driving behavior, which increases the accident risk for drivers and other road 8 
users, may be caused by the individual or combined effect of various causal factors (Tasca, 2000; 9 
Stuster, 2004; Shinar and Compton, 2004; Simons-Morton et al, 2011; Tarko et al.,2011).  Various 10 
studies have been carried out to understand the nuances of aggressive driving behavior and 11 
associated causal factors.  Causal factors of aggressive driving behavior have been classified into 12 
three broad categories: situational and environmental conditions, demographic characteristics of 13 
the drivers, and disposition of the driver (Tasca, 2000; Ellison-Potter et al., 2001; Shinar and 14 
Compton, 2004).  Over the last few years, various analytic, data-intensive approaches have been 15 
used to identify aggressive driving and its impact on road safety including driving simulation 16 
approaches (Ellison-Potter et al., 2001; Sarwar et al., 2017b; Fountas et al., 2019; Meng et al., 17 
2019), traffic simulation approaches (Habtemichael and de Picado Santos, 2014; Yang et al., 2018) 18 
and, more recently, use of naturalistic driving study data (Fang et al., 2017; Sarwar et al., 2017a; 19 
Sarwar et al., 2017c; Wang et al., 2019; Pantangi et al., 2019).  20 
The High Visibility Enforcement (HVE) programs constitute a collection of enforcement 21 
measures introduced to tackle aggressive driving behavior.  To evaluate the effectiveness of these 22 
programs in terms of reducing aggressive driving incidents, previous studies have employed 23 
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various criteria, such as: comparison of number of traffic citations before and after the enforcement 1 
period; number of crashes before, during and after the enforcement period; number of crashes at 2 
the enforcement site versus number of crashes at an appropriately selected control site; self-3 
reporting surveys of driving behavior; road side compliance studies and so on.  Due to their 4 
aggregate nature, the aforementioned measures cannot provide direct information for significant 5 
aspects of driving behavior, such as the driver’s interaction with the traffic stream, traffic control 6 
or roadway infrastructure or the internal and external distractions, to name a few (Stuster, 2004; 7 
Tarko et al., 2011; Cunningham et al., 2011; Wu and Jovanis, 2012; Files, 2013). 8 
This paper aims at investigating whether the high visibility enforcement programs address 9 
aggressive driving behavior and which aggressive driving patterns are primarily affected.  In this 10 
context,  the effect of various driver-, vehicle-, or trip-specific characteristics that may also affect 11 
driving behavior is controlled for.  Using the Second Strategic Highway Research Program 12 
(SHRP2) Naturalistic Driving Study (NDS) data, the following aggressive driving behaviors are 13 
statistically analyzed: speeding, tailgating, unsafe lane changes and ‘other’ aggressive driving 14 
behavior types (including red light/ stop sign violation and not-yielding right-of-way) (Wu and 15 
Jovanis, 2012; Files, 2013).  Even though the recent study of Pantangi et al. (2019) provided a 16 
preliminary investigation of the HVE effectiveness using novel speeding and tailgating metrics, 17 
this study goes a step beyond by developing scaled metrics that combine the intensity and duration 18 
of speeding and tailgating and capture varying degrees of aggressive driving behavior at a more 19 
disaggregate level.  To account for the potential interrelationship of speeding and tailgating, the 20 
relevant metrics are simultaneously modeled using a Seemingly Unrelated Regression Equation 21 
(SURE) approach.  To investigate the factors affecting the occurrence of unsafe lane changes, the 22 
grouped random parameters ordered probit framework with heterogeneity in the means is 23 
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employed, whereas the occurrence of “other” aggressive driving behavior types is modeled using 1 
a correlated grouped random parameters binary logit approach.  Through these modeling 2 
approaches, various nuances of unobserved heterogeneity that may be present in the statistical 3 
analysis of highly disaggregate data (such as the naturalistic driving study data) can be adequately 4 
addressed.  5 
 6 
EMPIRICAL SETTING 7 
The SHRP2 NDS data allows for studying a wide variety of driving behavior traits, as they include 8 
information for a number of driver, trip, vehicle, and roadway environment characteristics (Jovanis 9 
et al., 2011; Wu and Jovanis, 2012; Feng et al., 2017; Lee et al., 2018; Wang et al., 2018).  For this 10 
study, two HVE programs conducted during the SHRP2 NDS data collection period (October 2010 11 
to November 2013) in Erie County, NY, were selected with the help of the local police departments 12 
(Pierowicz et al., 2016; Sarwar et al., 2017a; Pantangi et al., 2019).  The first HVE program was 13 
conducted intermittently by the police department of Amherst, NY, between March and September 14 
2012, along Millersport Highway in Amherst, NY.  The enforcement activities were mostly 15 
concentrated during May.  The second HVE program was conducted by the police department of 16 
Depew, NY in May 2012 along Transit road in Depew, NY.  The enforcement activities were 17 
conducted on weekdays primarily between 6:00 AM and 9:00 PM.  The program in Depew, NY 18 
was concentrated near a school zone, so the test and control sites were appropriately selected to 19 
include school speed limits.  In both programs aggressive driving behavior was addressed using 20 
both roving car patrols and fixed car patrols in the test areas during the enforcement period.  To 21 
raise the awareness of local residents about the HVE programs during the enforcement period, a 22 
media campaign was undertaken. This campaign comprised of announcements in local newspapers 23 
(Amherst Bee and Depew Bee) along with public radio announcements and roadside messages (in 24 
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Amherst).  To identify possible changes in driving behavior between enforcement and non-1 
enforcement sites, control (non-enforcement) sites with similar roadway and speed limit 2 
characteristics to the test sites were selected near the enforcement areas.  Figure 1 illustrates the 3 




Figure 1.  High-Visibility Enforcement (HVE) and Control Sites Included in the Analysis. 8 
 9 
The analysis presented in this paper is based on extensive data from 1,758 traversals, conducted 10 
by 141 participants in enforcement and non-enforcement sites, and on a set of relevant driver-, 11 
vehicle- and trip- characteristics.  Of these traversals, 408 were conducted in the Depew 12 
enforcement area and 337 in the Amherst enforcement area, with 433 and 454 trips being 13 
conducted in the corresponding control areas.  Moreover, data from 126 trips conducted in a remote 14 
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area in Tampa, FL were also used; this area served as an additional control area for the Depew 1 
enforcement area.  2 
The selection of traversals was based on multiple criteria such as temporal characteristics of 3 
traversals, vehicle characteristics, and participants’ demographics.  Apart from the key 4 
demographic attributes (e.g., age, gender), information about the household characteristics of each 5 
participant (e.g., number of people living in the participant’s household along with their 6 
demographic characteristics, number of household-owned vehicles) were also used in the analysis 7 
of aggressive driving behavior.  Information about participant’s vehicular use (e.g., number of 8 
miles driven in the previous year, length of vehicle ownership, and years of driving experience) 9 
was also available in the participant-specific data.  To capture participants’ perceptual attitudes 10 
towards various sources of accident risk, the responses of participants to a survey focusing on the 11 
assessment of risk perceptions were also obtained from the SHRP2 dataset (Files, 2013). In 12 
addition, the participants’ responses to the Barkley’s ADHD (Attention Deficit Hyperactivity 13 
Disorder) screening test were also used.  Table 1 provides the descriptive statistics of the key 14 
variables that are included in the statistical models of aggressive driving behavior. 15 
  16 
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Table 1. Descriptive Statistics of Key Variables. 1 
Variable Mean Std. Dev. Minimum Maximum 
Speed Metric Model 
Speed metric (between speed limit and 5 mph above 
speed limit) 0.048 0.045 0 0.310 
Speed metric (between 5 and 10 mph above speed 
limit) 0.016 0.029 0 0.405 
Speed metric (between 10 and 15 mph above speed 
limit) 0.004 0.012 0 0.125 
Speed metric (greater than 15 mph above speed limit) 0.004 0.031 0 0.526 
Age indicator (1 if the participant's age is less than 35 
years, 0 otherwise) 0.411 0.492 0 1 
Work status indicator (1 if the participant does not 
work full time, 0 otherwise) 0.507 0.500 0 1 
Household/Education indicator (1 if the participant 
lives in one-parent household or alone and has 
some high school education, 0 otherwise) 
0.617 0.486 0 1 
Number of vehicles in household 2.299 1.095 1 5 
Trip area/Month indicator (1 if trip made in control 
area in the month of May, 0 otherwise) 0.268 0.443 0 1 
Income indicator (1 if the household income is 
between $40,000 and $99,999, 0 otherwise) 0.408 0.492 0 1 
Age indicator (1 if the participant's age is between 35 
and 49 years, 0 otherwise) 0.197 0.398 0 1 
ADHD indicator (1 if Barkley's score is less than 7, 0 
otherwise) 0.026 0.158 0 1 
Vehicle type indicator (1 if the participant drove a car 
or an SUV crossover, 0 otherwise) 0.920 0.271 0 1 
Risk perception indicator(1 if the participant doesn't 
perceive great risk in trying to be first off the line 
when light turns green, driving 10-20 mph above 
speed limit or driving more than 20 mph over speed 
limit, 0 otherwise) 
0.904 0.295 0 1 
Trip frequency indicator (1 if the participant 
undertook less than 10 trips, 0 otherwise) 0.217 0.413 0 1 
Risk perception indicator(1 if participant doesn't 
perceive great risk in making illegal turns, 0 
otherwise) 
0.356 0.479 0 1 
Square of average trip speed (mph2) 1744.190 1124.347 31.035 7123.759 
Average trip speed (mph) 39.279 14.194 5.571 84.402 
Trip Duration (secs) 124.493 60.961 39.900 1051.900 
Race indicator (1 if the participant is American 
Indian, Alaskan Indian, Asian or African 
American, 0 otherwise) 
0.073 0.260 0 1 
Risk perception indicator (1 if the participant doesn't 
perceive great risk in drinking alcohol or using 
recreational drugs while driving, 0 otherwise) 
0.046 0.208 0 1 
Driver training indicator (1 if the participant was 
trained informally by parents, a family friend, or a 
personal friend, 0 otherwise) 
0.788 0.409 0 1 
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Variable Mean Std. Dev. Minimum Maximum 
Risk perception indicator (1 if the participant doesn't 
perceive great risk in driving to reduce tension, 0 
otherwise) 
0.280 0.449 0 1 
Risk perception indicator (1 if the participant doesn't 
perceive immense risk in performing other things 
while driving, like cell-phone usage, eating or 
drinking etc., 0 otherwise) 
0.422 0.494 0 1 
Vehicle age (years) 4.577 2.664 1 14 
Time at residence indicator (1 if the participant lived 
at residence for more than 5 years, 0 otherwise) 0.632 0.482 0 1 
Driver Miles/Accidents/Violations indicator (1 if the 
participant drove more than 15,000 miles in the 
previous year and has had at-least one accident or 
violation in the lifetime, 0 otherwise) 
0.477 0.500 0 1 
Risk perception indicator (1 if participant doesn't 
perceive immense risk in driving while sleepy and 
when hard to keep eyes open, 0 otherwise) 
0.437 0.496 0 1 
Vehicle use indicator (1 if the vehicle was used for 
business purpose, 0 otherwise) 0.087 0.282 0 1 
Risk perception indicator(1 if participant doesn't 
perceive any great risk with cutting off, honking or 
yelling at other drivers who drive slowly or cut the 
participant off , 0 otherwise) 
0.560 0.497 0 1 
Risk perception indicator (1 if the participant doesn't 
perceive great risk in drinking alcohol or using 
recreational drugs while or before driving, 0 
otherwise) 
0.151 0.358 0 1 
Driver training indicator (1 if the participant had 
post-licensure driving skills training or 
enhancement, 0 otherwise) 
0.125 0.331 0 1 
Average speeding (the vehicle speed is greater than 
the speed limit) 2.510 3.477 0 47.148 
Driver Miles indicator (1 if the participant drove less 
than 25,000 miles in the previous year, 0 otherwise) 0.830 0.376 0 1 
Risk perception indicator (1 if the participant doesn't 
perceive great risk in driving more than 20 mph 
over the speed limit, 0 otherwise) 
0.157 0.364 0 1 
Income indicator (1 if household income of the 
participant is greater than $100,000, 0 otherwise) 0.280 0.449 0 1 
Work status/Gender indicator (1 if the participant is 
female and does not work full time, 0 otherwise) 0.751 0.432 0 1 
Vehicle age indicator (1 if the vehicle is older than 5 
years, 0 otherwise) 0.254 0.435 0 1 
Attitude/Crash record indicator (1 if the respondent 
doesn't perceive risk in driving while sleepy or 
driving for fun and if the respondent had at-least 
one crash or violation in the lifetime, 0 otherwise) 
0.664 0.473 0 1 
Gender indicator (1 if female participant, 0 
otherwise) 0.522 0.500 0 1 
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Variable Mean Std. Dev. Minimum Maximum 
Race/Area indicator (1 if the trip was undertaken by 
a white participant in an area where the HVE 
program was implemented, 0 otherwise) 
0.407 0.491 0 1 
Risk perception indicator (1 if the participant doesn't 
perceive great risk in driving to reduce tension, 0 
otherwise) 
0.718 0.450 0 1 
Tailgating Metric Model 
Tailgating metric (Following headway between 2 s 
and 1.5 s) 
-3.539 7.949 -59.508 0 
Tailgating metric (Following headway between 1.5 s 
and 1 s) 
-1.869 5.332 -49.641 0 
Tailgating metric (Following headway less than 1 s) -0.513 2.405 -39.425 0 
Age indicator (1 if the participant's age is less than 35 
years, 0 otherwise) 
0.411 0.492 0 1 
Trip area/Month indicator (1 if the trip was made in 
control area in the month of May, 0 otherwise) 
0.268 0.443 0 1 
Age indicator (1 if the participant's age is between 35 
and 49 years, 0 otherwise) 
0.197 0.398 0 1 
Trip Duration (secs) 124.372 61.087 0 1051.900 
Race indicator (1 if the participant is American 
Indian, Alaskan Indian, Asian or African 
American, 0 otherwise) 
0.073 0.260 0 1 
Driver training indicator (1 if the participant was 
trained informally by parents, a family friend or a 
personal friend, 0 otherwise) 
0.788 0.409 0 1 
Risk perception indicator (1 if the participant doesn't 
perceive great risk in making illegal turns, 0 
otherwise) 
0.356 0.479 0 1 
Household/Education indicator (1 if participant lives 
in one-parent household or alone and has some 
high school education, 0 otherwise) 
0.617 0.486 0 1 
Average trip speed (mph) 39.254 14.231 2.296 84.402 
Driver Miles indicator (1 if the participant drove 
more than 15,000 miles in the previous year, 0 
otherwise) 
0.223 0.417 0 1 
Time of trip indicator (1 if the trip was made between 
6 am and noon or between 3 pm and 9 pm, 0 
otherwise) 
0.808 0.394 0 1 
Number of traffic signals in a trip 0.374 0.683 0 2 
Square of average trip speed (mph2) 1743.270 1125.254 5.273 7123.759 
Vehicle age (years) 4.577 2.664 1 14 
Risk perception indicator (1 if the participant doesn't 
perceive great risk in driving to reduce tension, 0 
otherwise) 
0.640 0.480 0 1 
Risk perception indicator (1 if the participant doesn't 
perceive great risk in driving more than 20 mph 
over the speed limit, 0 otherwise) 
0.157 0.364 0 1 
11 
 
Variable Mean Std. Dev. Minimum Maximum 
Education level indicator (1 if the participant had 
some post-graduate education or has an advanced 
degree, 0 otherwise) 
0.358 0.480 0 1 
Participant age indicator (1 if the participant was 
older than 65 years, 0 otherwise) 
0.323 0.468 0 1 
Average speeding (the vehicle speed is greater than 
the speed limit) 
2.507 3.475 0 47.148 
Trip frequency indicator (1 if the participant 
undertook more than 5 trips, 0 otherwise) 
0.997 0.058 0 1 
Unsafe lane changes model 
Frequency of unsafe lane changes 0.337 0.638 0 3 
HVE/Month Indicator (1 if trip made in HVE area in 
May, June or July,0 otherwise) 
0.197 0.398 0 1 
Time at residence indicator (1 if the participant lived 
at the residence for more than 5 years, 0 otherwise) 
0.632 0.482 0 1 
Vehicle age indicator (1 if the vehicle was older than 
5 years, 0 otherwise) 
0.371 0.483 0 1 
Vehicle/ Household size indicator (1 if household 
size >2 and number of vehicles owned >2, 0 
otherwise) 
0.254 0.435 0 1 
Driver training indicator (1 if the participant was 
trained informally by parent, family friend or 
friend, 0 otherwise) 
0.735 0.441 0 1 
Crashes/Violations indicator (1 if driver had at least 
1 crash or violation, 0 otherwise) 
0.507 0.500 0 1 
Vehicle classification indicator (1 if the vehicle 
driven is car or pickup truck, 0 otherwise) 
0.788 0.409 0 1 
‘Other’ Aggressive Driving Behaviors Model 
Occurrence of ‘other’ aggressive driving behaviors 0.043 0.204 0 1 
Month/HVE indicator (1 if trip made after 6th May 
2012 in HVE implementation area, 0 otherwise) 
0.057 0.232 0 1 
Gender/work status indicator (1 if female respondent 
without full time employment, 0 otherwise) 
0.751 0.432 0 1 
Vehicle classification indicator (1 if the vehicle 
driven is car or pickup truck, 0 otherwise) 
0.735 0.441 0 1 
Attitude/Crash record indicator (1 if respondent 
doesn't perceive risk in making illegal turns and if 
the respondent had at least one crash or violation in 
their lifetime, 0 otherwise) 
0.692 0.462 0 1 
Household size indicator (1 if number of people in 
household is greater than 2, 0 otherwise) 
0.502 0.500 0 1 
Ethnicity indicator (1 if the participant has Hispanic 
or Latino ethnicity) 
0.047 0.211 0 1 
Average speeding (the vehicle speed is greater than 
the speed limit) 
2.510 3.477 0 47.148 
 1 
  2 
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METHODOLOGICAL APPROACH 1 
To understand the effect of HVE programs in modifying aggressive driving behavior, forward 2 
facing camera videos and time series data were both leveraged in identifying and quantifying 3 
various types of aggressive driving behavior.   4 
Speeding has been defined as exceeding the posted speed limit or driving too fast for the 5 
prevailing environmental conditions (Bagdade et al., 2012).  To further capture differences arising 6 
either from the extent or the duration of speeding behavior, four speed thresholds are considered: 7 
speed limit and 5, 10, and 15 mph above the posted speed limit, thus, scaled speeding metrics are 8 
developed.  Such metrics are calculated as the area between the vehicle network speed and the 9 
speed threshold, in cases where the vehicle speed is greater than the specific speed threshold.  10 
These metrics enable the comparison of speeding behavior and its changes over time while 11 
accounting, at the same time, for intensity of speeding (i.e., speeding above a pre-defined threshold 12 
during the trip) and the duration of speeding (i.e., length of time during which speeding above a 13 
pre-defined threshold was observed).  Their scaled nature also allows the identification of speeding 14 
patterns for drivers with varying levels of risk-taking behavior. 15 
In this context, four scaled speed metrics and an overall speed metric are calculated for 16 
Amherst and Depew test and control areas, as illustrated in Figure 2.  Four shaded areas are 17 
illustrated in Figure 2, with the first (green  shaded area) representing the extent and duration of 18 
speeding between the speed limit and 5 mi/h over the speed limit. The second (yellow shaded), 19 
third (blue shaded), and fourth (red  shaded) areas represent the extent and duration of speeding 20 
between 5 and 10, 10 and 15, and 15 or more mi/h over the speed limit. 21 
Each speed metric has been calculated as the area between the threshold and the network 22 















         (1) 1 
Where for a trip j undertaken by driver m, Ak is the area delineated by the vehicle speed and 2 
the speed threshold when the vehicle speed is greater than the specific threshold, n is the number 3 
of cases during the trip j when the vehicle speed is greater than the speed threshold, and Lj is the 4 
length of trip j.  Note that for the calculation of the overall speed metric, the posted speed limit 5 




Figure 2. Graphical Illustration of the Scaled Speed Metrics using Four Speed Thresholds. 10 
Tailgating (following too closely) is defined to occur when the following headway with the 11 
lead vehicle is less than 2 seconds (Song and Wang, 2010).  Scaled tailgating metrics are also 12 

















Speed limit (30 mi/h) 
15 mi/h over speed limit 
10 mi/h over speed limit 
5 mi/h over speed limit 
14 
 
vehicle was confirmed from the time series data and the forward-facing videos and then the metrics 1 
were calculated only if the speed of the vehicle was at-least 90 percent of the speed limit.  This 2 
condition allows for the identification of free-flow conditions through the elimination of cases 3 
when driving behavior was influenced by traffic control devices or by queueing incidents being 4 
present in the traffic stream.  To account for differences in the degree of tailgating as well as to 5 
provide a clear distinction between trips with significant but short tailgating and trips with limited 6 
tailgating of long duration, scaled metrics are developed.  Specifically, three tailgating thresholds 7 
are considered: 2, 1.5, 1 and 0.5 seconds of headway with the lead vehicle.  The scaled metrics are 8 
calculated as the area between each specific tailgating threshold and the actual headway with the 9 
lead vehicle.  Figure 3 provides a graphical illustration of the headway thresholds and the 10 




Figure 3. Graphical Illustration of the Scaled Tailgating Metrics using Three Headway 15 
Thresholds. 16 

























Speeding and tailgating behavioral patterns at different thresholds may share some 1 
common unobserved characteristics, which can lead to cross-equation error term correlation 2 
among the scaled metrics.  Since the traditional univariate regression approaches cannot address 3 
this type of correlation, the Seemingly Unrelated Regression Equation (SURE) modeling approach 4 
is employed.  The latter has the potential to account for unobserved factors that may be common 5 
among the scaled speeding and tailgating metrics through their simultaneous modeling.  The model 6 
formulation of the SURE model (Washington et al., 2011; Anastasopoulos and Mannering, 2016;) 7 






















         (2)  9 
where, Y is the speeding or tailgating area for trip i, 1 through k represent the speeding or tailgating 10 
categories as described previously, Xi is a vector of trip i’s characteristics (e.g., HVE 11 
implementation, roadway or roadside conditions, weather characteristics, and driver/vehicle/trip 12 
attributes), β represent vectors of estimable parameters; and ε denote disturbance terms.  Since 13 
multiple trips are undertaken by each participant, the observed speeding and tailgating patterns 14 
may be subject to unobserved variations that are commonly shared within each group of 15 
participant-specific trips.  These unobserved variations may take the form of panel effects, which, 16 
if not taken into account in statistical modeling, could lead to biased predictors and erroneous 17 
statistical inference (Washington et al., 2011; Eker et al., 2019). To that end, for the estimation of 18 
16 
 
the SURE models, the Generalized Least Square (GLS) estimation technique is employed 1 
(Washington et al., 2011; Anastasopoulos and Mannering, 2016). 2 
Unsafe lane changes were identified when at least one of the following traffic incidents 3 
was observed:  (i) non-use of turn signals to indicate lane changes; (ii) changing lanes abruptly; 4 
(iii) performing lane changes too close to lead vehicle or without regard to vehicles in adjacent 5 
lanes.  It should be noted that any lane change incident was primarily identified through the video 6 
processing of traversals.  The information from the video processing was coupled with the time 7 
series data in order to determine whether the NDS driver performed a lane change with or without 8 
the use of a turn signal.  For the statistical analysis, count data (Poisson, Negative binomial, along 9 
with their zero-inflated counterparts) and ordered probability approaches were both investigated.  10 
Due to the limited range of unsafe lane changes per trip, a grouped random parameters ordered 11 
probit model with heterogeneity in means was employed, with the ordered outcomes ranging from 12 
0 to 3 or more unsafe lane changes.  Such a modeling approach addresses unobserved heterogeneity 13 
and panel effects simultaneously (Washington et al., 2011; Behnood and Mannering, 2017a; 14 
2017b; Fountas and Anastasopoulos, 2017; Seraneeprakarn et al., 2017; Fountas and 15 
Anastasopoulos, 2018; Fountas et al., 2018b; 2018c).  The ordered probit model is defined as 16 
(Chen et al., 2016; Fountas and Anastasopoulos, 2018; Lee et al., 2018; Fountas and Rye, 2019): 17 
1,    ,  1,.....−= + = < < =Xi i i i j i jz y j if y j Jε µ µβ       (3) 18 
where, y is the number of unsafe lane changes (0, 1, 2, and 3 or more) occurring in each 19 
trip i, β denotes a vector of estimable parameters, X is a vector of explanatory variables, µ are 20 
threshold limits that determine y, which are estimated along with β and ε are random disturbance 21 
terms following a normal distribution with mean 0 and variance equal to 1.  To account for 22 
unobserved heterogeneity and panel effects, βs are allowed to vary across the observations and are 23 
17 
 
estimated as (Anastasopoulos and Mannering, 2009; Anastasopoulos et al., 2012; 2016; Russo et 1 
al., 2014; Sarwar et al., 2017b; Cai et al., 2018): 2 
in nϕ= +β β           (4)  3 
where, β is the vector with the mean values of the random parameters for each driver n, and ϕ is a 4 
randomly distributed disturbance term that captures unobserved characteristics and varies across 5 
the participants. 6 
 ‘Other’ aggressive driving behavior types include incidents of not-yielding right-of-way as 7 
well as red light or stop sign violations, which were identified through the analysis of forward-8 
facing videos of traversals.  To investigate the likelihood of occurrence of ‘other’ aggressive 9 
driving events, a correlated grouped random parameters binary logit model is estimated (Yu et al., 10 
2015; Fountas et al., 2018a; Fountas et al., 2019; Jordan et al., 2019; Eker et al., 2019). This 11 
modeling approach can account for the independent and interactive effect of unobserved factors 12 
that may affect participants’ driving patterns as well as for panel effects emerging due to multiple 13 
trips conducted by the same participant.  The occurrence of ‘other’ aggressive driving behavior 14 
types can be defined using the function Ain for each trip i, as (Anastasopoulos and Mannering, 15 
2011): 16 
in in in inA ε= +β X           (5) 17 
To account for panel effects, unobserved heterogeneity and correlation among pairs of random 18 
parameters, individual βs are estimated for each driver, as (Greene, 2012): 19 
i iβ δ= +Γβ            (6) 20 
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where, β is the mean of random parameter, Γ is a Cholesky matrix that includes the elements used 1 
for computation of standard deviations of random parameters, and δ is randomly distributed term 2 
with mean 0 and variance equal to 1. 3 
The random parameter models are estimated using a simulated maximum likelihood 4 
estimation technique.  For the numerical integrations that are conducted throughout the simulated 5 
procedure, we employed Halton sequence draws (Halton, 1960; Train, 2003; Bhat, 2003).  The 6 
models were estimated using 1,200 Halton draws, which were identified to be the minimum 7 
number of draws that resulted in the estimation of models with stable parameters.  8 
MODEL ESTIMATION AND RESULTS 9 
Table 2 shows the estimation results of the SURE model for the scaled speeding metrics.  Focusing 10 
on the effect of HVE programs, the variable reflecting trips conducted during May (i.e., the month 11 
when the HVE program was implemented) in control areas results in reduction in the extent and 12 
duration of speeding up to 5 mi/h over the speed limit, up to 10 mi/h over the speed limit and up 13 
to 15 mi/h over the speed limit.  Given that the majority of control areas are closely located to the 14 
enforcement areas, this finding may constitute an indication that drivers’ awareness about the HVE 15 
implementation is likely to reduce speeding.   16 
Various driver characteristics are also found to affect the scaled speeding metrics.  White 17 
participants driving in areas of HVE program implementation are associated with speeding greater 18 
than 15 mi/h over speed limit.  Younger participants (younger than 35 years old) are associated 19 
with greater extent and duration of speeding, as the relevant variable results in an increase of 20 
speeding, for the majority of the scaled speed metrics.  Furthermore, participants between 35 and 21 
49 years old are also associated with speeding behavior, primarily exhibiting speeding up to 10 22 
mi/h over the speed limit.  Such an increase in the lowest speed metrics may be capturing the 23 
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behavioral propensity of these drivers to exceed the speed limit to the extent they do not expect 1 
undesirable or uncomfortable driving circumstances.  Drivers of African American, Asian, 2 
Alaskan Indian or American Indian origin are associated with speeding behavior, only for the 3 
lowest speeding interval (up to 5 mi/h over the speed limit).  For the same drivers, the scaled metric 4 
reflecting speeding between 10 mi/h and 15 mi/h over the speed limit is found to decrease.  This 5 
finding may be capturing variations associated with the habitual driving patterns of these drivers. 6 
The drivers  may possibly anticipate that the enforcement program targets on higher degrees of 7 
speeding (e.g., more than 10 mi/h over the speed limit), therefore they adjust their driving behavior 8 
accordingly. 9 
With regards to the trip characteristics, the trip duration and average trip speed are also 10 
found to be statistically significant determinants of the metrics reflecting speeding up to 5 mi/h 11 
and up to 10 mi/h over the speed limit.  As far as the socio-demographic characteristics are 12 
concerned, participants who do not work full time and participants with some level of high school 13 
education who live in a single-parent household are more likely to exhibit speeding behavior.  14 
Household income has a mixed effect on speeding behavior.  Participants from households with 15 
annual income between $40,000 and $99,999 are associated with speeding behavior (speeding up 16 
to 10 mi/h over the speed limit).  In contrast, the variable reflecting households with annual income 17 
greater than $100,000 is found to decrease speeding in the range between 10 mi/h and 15 mi/h 18 
over the speed limit.  Participants who drive SUVs or passenger cars are associated with speeding 19 
up to 5 mi/h over the speed limit.  This finding could be reflecting a common tendency of most 20 
road users to employ speeds greater but close to the speed limit; at such speeds, drivers may feel 21 
more comfortable and may not expect to be cited for speeding violations. 22 
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Participants who were involved in at-least one accident or violation in their lifetime and 1 
drove over 15,000 miles in the previous year are found to exhibit speeding behavior, especially in 2 
the range between 5 mi/h and 10 mi/h over the speed limit.  This result may be possibly capturing 3 
an overall risk-taking behavior of these participants, which may be enhanced by their considerable 4 
driving experience.  In addition, the metric reflecting speeding between 10 mi/h and 15 mi/h over 5 
the speed limit is found to increase amongst drivers who drove less than 25,000 miles in the 6 
previous year.  In contrast, the speed metric reflecting speeding up to 5 mi/h over the speed limit 7 
is found to decrease for drivers whose driving training was informally provided by parents or 8 
friends as well as for drivers who had post-licensure driving skills training.  9 
Focusing on the impact of vehicle characteristics, vehicle age is a statistically significant 10 
determinant of the metric reflecting speeding between 5 mi/h and 10 mi/h over the speed limit.  11 
Interestingly, driving older cars (over 5 years old) is found to reduce the metric indicating speeding 12 
greater than 15 mi/h over speed limit.  This finding possibly captures the risk-compensating 13 
behavior of drivers when they drive older cars, because they may expect lower vehicle 14 
performance or safety level, especially in high-speed driving maneuvers.  Vehicles used for 15 
business purposes are also found to decrease metrics reflecting speeding between 5 mi/h and 15 16 
mi/h over the speed limit.  The use of such vehicles likely reflects business-related trips, for which 17 
drivers may exhibit greater driving caution.  18 
With regard to the effect of trip frequency, participants who made less than 10 trips in the 19 
study period are associated with speeding lower than 5 mi/h over the speed limit.  This finding 20 
may capture either the limited awareness of these drivers about the enforcement program, or their 21 




Drivers whose Barkley questionnaire score was less than 7 are less likely to exhibit 1 
speeding behavior; note that, according to the SHRP2 NDS Insight Website, score greater than or 2 
equal to 7 is indicative of Attention Deficit Hyperactivity Disorder.  This finding is intuitive as 3 
these respondents are less likely to suffer from Attention Deficit Hyperactivity Disorder.  In 4 
addition, drivers who do not perceive various aggressive driving patterns (e.g., speeding at greater 5 
speeds, not waiting before starting as soon as the traffic light turns green, driving to reduce tension, 6 
and performing secondary tasks while driving) as risk-taking behavioral elements are associated 7 
with reduction in speed metric reflecting speeding up to 5 mi/h over speed limit.  In contrast, 8 
drivers who do not perceive high risk in making illegal turns, indulging in road-rage (e.g., cutting 9 
off other road users, honking, or yelling) or using drug or alcohol during the driving task are found 10 
to exhibit speeding behavior, especially for the range between the speed limit and 5 mi/h over the 11 
speed limit. 12 
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Table 2. Estimation Results of the SURE Model for Scaled Speed Metrics 1 
 2 
Variable Speed metric 
(between speed 
limit and 5 mph 
above speed limit) 
Speed metric 
(between 5 and 10 
mph above speed 
limit) 
Speed metric 
(between 10  and 
15 mph above 
speed limit) 
Speed metric 
(greater than 15 
mph above 
speed limit) 
 Coeff. t-stat Coeff. t-stat Coeff. t-stat Coeff. t-stat 
Constant 20.816 3.060 - - - - - - 
Age indicator (1 if participant's age is less than 35 years, 0 
otherwise) 18.482 7.710 8.742 6.520 1.761 4.270 - - 
Work status indicator (1 if participant does not work full time, 
0 otherwise) 11.859 5.150 3.178 2.690 - - - - 
Household/Education indicator (1 if participant lives in one-
parent household or alone and has some high school 
education, 0 otherwise) 
7.877 3.460 3.402 3.070 - - - - 
Number of vehicles in household 4.518 5.910 - - - - - - 
Trip area/Month indicator (1 if trip made in control area in the 
month of May, 0 otherwise) -7.979 -3.860 -4.659 -3.750 -0.851 -1.980 - - 
Income indicator(1 if household income is between $40,000 
and $99,999, 0 otherwise) 13.911 7.320 6.837 6.620 - - - - 
Age indicator (1 if participant's age is between 35 and 49 years, 
0 otherwise) 18.364 6.350 5.239 3.520 - - - - 
ADHD indicator (1 if Barkley's score is less than 7, 0 
otherwise) -9.833 -2.430 - - - - - - 
Vehicle type indicator (1 if participant drove Car or SUV 
crossover, 0 otherwise) 7.575 3.150 - - - - - - 
Risk perception indicator (1 if participant doesn't perceive 
great risk in trying to be first off the line when light turns 
green, driving 10-20 mph above speed limit or driving more 
than 20 mph over speed limit, 0 otherwise) 
-7.554 -2.580 - - - - - - 
Trip frequency indicator (1 if the participant undertook less 
than 10 trips, 0 otherwise) 4.906 2.830 - - - - - - 
Risk perception indicator (1 if participant doesn't perceive 
great risk in making illegal turns, 0 otherwise) 7.178 3.780 - - - - - - 
Square of average trip speed (mph2) 0.039 9.250 0.008 5.360 - - 0.002 3.060 
Average trip speed (mph) -2.227 -7.110 -0.472 -4.780 - - - - 
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Variable Speed metric 
(between speed 
limit and 5 mph 
above speed limit) 
Speed metric 
(between 5 and 10 
mph above speed 
limit) 
Speed metric 
(between 10  and 
15 mph above 
speed limit) 
Speed metric 
(greater than 15 
mph above 
speed limit) 
 Coeff. t-stat Coeff. t-stat Coeff. t-stat Coeff. t-stat 
Trip Duration (secs) 0.083 5.360 0.025 3.310 - - - - 
Race indicator (1 if participant is American Indian, Alaskan 
Indian, Asian or African American, 0 otherwise) 7.049 2.480 - - -1.474 -2.320 - - 
Risk perception indicator (1 if participant doesn't perceive 
great risk in drinking alcohol or using recreational drugs 
while driving, 0 otherwise) 
14.189 3.780 - - - - - - 
Driver training indicator (1 if participant was trained 
informally by parent, family friend or friend, 0 otherwise) -3.227 -1.820 - - - - - - 
Risk perception indicator (1 if participant doesn't perceive 
great risk in driving to reduce tension, 0 otherwise) -3.480 -1.740 - - - - - - 
Risk perception indicator (1 if participant doesn't perceive 
immense risk in performing other things while driving, like 
cell-phone usage, eating or drinking etc., 0 otherwise) 
-6.920 -3.300 -4.333 -4.290 - - - - 
Vehicle age (in years) - - 0.656 3.550 - - - - 
Time at residence indicator (1 if participant lived at their 
residence for more than 5 years, 0 otherwise) - - 4.868 4.900 1.718 4.970 
  
Driver Miles/Accidents/Violations indicator (1 if the 
participant drove greater than 15,000 miles in the previous 
year and has had at-least one accident or violation in their 
lifetime, 0 otherwise) 
- - 2.468 3.180 - - - - 
Risk perception indicator (1 if participant doesn't perceive 
immense risk in driving while sleepy and when hard to keep 
eyes open, 0 otherwise) 
- - -3.526 -3.550 -2.164 -5.140 - - 
Use of study vehicle indicator (1 if vehicle used for business 
purpose, 0 otherwise) - - -6.587 -3.910 -2.641 -3.820 - - 
Risk perception indicator (1 if participant doesn't perceive any 
great risk in cutting off, honking or yelling at other drivers 
who drive slowly or cut the participant off, 0 otherwise) 
- - 4.248 4.120 1.693 3.650 - - 
Risk perception indicator (1 if participant doesn't perceive 
great risk in drinking alcohol or using recreational drugs 
while or before driving, 0 otherwise) 
- - 5.337 3.900 1.764 2.990 - - 
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Variable Speed metric 
(between speed 
limit and 5 mph 
above speed limit) 
Speed metric 
(between 5 and 10 
mph above speed 
limit) 
Speed metric 
(between 10  and 
15 mph above 
speed limit) 
Speed metric 
(greater than 15 
mph above 
speed limit) 
 Coeff. t-stat Coeff. t-stat Coeff. t-stat Coeff. t-stat 
Driver training indicator (1 if participant had post-licensure 
driving skills training or enhancement, 0 otherwise) - - -3.761 -3.320 - - -2.905 -1.710 
Average speeding (vehicle speed is greater than speed limit) - - - - 0.247 4.930 - - 
Driver miles indicator (1 if the participant drove lesser than 
25,000 miles in the previous year, 0 otherwise) - - - - 1.943 5.030 - - 
Risk perception indicator (1 if participant doesn't perceive 
great risk in driving more than 20 mph over speed limit, 0 
otherwise) 
- - - - -1.432 -2.990 - - 
Income indicator (1 if household income is greater than 
$100,000, 0 otherwise) - - - - -1.818 -4.410 - - 
Work status/Gender indicator (1 if female participant does not 
work full time, 0 otherwise) - - - - - - 5.486 3.850 
Vehicle age indicator (1 if vehicle is older than 5 years, 0 
otherwise) - - - - - - -4.880 -3.440 
Attitude/Crash record indicator (1 if respondent doesn't 
perceive risk in driving while sleepy or driving for fun and 
if the respondent had at-least one crash or violation in their 
lifetime, 0 otherwise) 
- - - - - - -7.188 -5.600 
Gender indicator (1 if female participant) - - - - - - -3.009 -2.160 
Race/Area indicator (1 if the trip was undertaken by white 
participant in area where HVE program was implemented, 0 
otherwise) 
- - - - - - 3.103 2.810 
Risk perception indicator (1 if participant doesn't perceive 
great risk in driving to reduce tension, 0 otherwise) - - - - - - 4.087 3.100 
LL(0) -23831.100 -23831.100 -23831.100 -23831.100 
LL(β) -23685.822 -23685.822 -23685.822 -23685.822 
N (Number of observations) 1413 
System R2 0.165 




Table 3 provides the estimation results of the SURE model for the scaled tailgating metrics.  1 
Similar to the speeding model, the variable representing trips conducted during May (month of 2 
HVE implementation) in control areas is found to decrease the scaled tailgating metrics reflecting 3 
headways between 2 seconds and 1 second.  This finding constitutes another indication that the 4 
awareness of drivers about the HVE implementation in adjacent areas (note that the majority of 5 
control areas are located in the proximity of HVE implementation areas) may result in adjustment 6 
of their driving behavior.  In conjunction with the similar finding drawn from the speeding model, 7 
there seems to exist a residual spatial spillover effect of the HVE implementation that positively 8 
(by reducing tailgating) affects driving behavior. 9 
Drivers younger than 49 years old are associated with increase in tailgating metrics 10 
reflecting headway between 2 seconds and 1 second.  This is consistent with the findings from the 11 
speeding model and may capture unobserved effects relating to the risk-taking behaviors of 12 
drivers.  In contrast, trips made by older drivers (older than 65 years old) are associated with a 13 
reduction in the tailgating metric reflecting a headway less than 1 second.  This finding is intuitive 14 
since older drivers are more likely to show risk-averse driving behavior.  Drivers of American 15 
Indian, Alaskan Indian, Asian or African American origin are associated with tailgating behavior, 16 
when consideration is given to headway between 2 seconds and 1.5 seconds. In consistency with 17 
similar findings from the speeding model, this group of drivers is more likely to exhibit tailgating 18 
behavior, but to the lowest degree.  19 
 With regard to the effect of education level, drivers with post-college or higher level of 20 
education are associated with tailgating behavior, especially when the headway with the lead 21 
vehicle is between 1.5 seconds and 1 second.  Similarly, the tailgating metric reflecting headway 22 
less than 2 seconds but greater than 1 second is found to increase for participants from single-23 
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parent households with some high-school education.  In contrast, the tailgating metric reflecting 1 
headway between 2 seconds and 1 second is found to decrease among drivers who were trained by 2 
parents or friends.  Participants who drive more than 15,000 miles on an annual basis are associated 3 
with an increase in tailgating metrics, for all the headway intervals; in line with similar results 4 
from the speeding model, this finding may be picking up the effect of drivers’ self-efficacy on 5 
their driving patterns, even when traveling across enforcement areas. 6 
 Focusing on the trip characteristics, the number of traffic signals encountered throughout 7 
a trip is found to decrease all tailgating metrics.  The expectations of drivers for frequent and 8 
possibly abrupt slowdowns, due to the presence of traffic signals, may discourage them from 9 
following the lead vehicle too closely.  Morning trips (conducted between 6 am and noon) as well 10 
as evening trips (conducted between 6 pm and 9 pm) are also associated with a decrease in the 11 
tailgating metrics.  Such time-slots include morning and evening peak hours, during which the 12 
likelihood of traffic congestion is significant.  The latter may prevent drivers from exhibiting 13 
tailgating behavior.  The average trip speed is found to increase tailgating metrics reflecting 14 
headways between 2 seconds and 1.5 seconds and less than 1 second.  Higher average speeding 15 
during a trip is found to increase tailgating with a headway less than 1 second.  This may capture 16 
an overall risk-taking behavior of drivers resulting in both speeding and tailgating.  Greater trip 17 
duration is found to increase the tailgating metric for a headway between 2 seconds and 1.5 18 
seconds.  Frequent travelers (i.e., drivers who conducted more than 5 trips throughout the same 19 
location during the study period) are associated with a reduction in the tailgating metric reflecting 20 
headway less than 1 second.  This effect is intuitive, as high trip frequency may indicate drivers’ 21 
awareness about the implementation of the enforcement program. 22 
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 With respect to risk perception characteristics of participants, drivers who do not perceive 1 
significant risk in undertaking illegal turns or driving to reduce tension, are overall associated with 2 
tailgating behavior.  In contrast, drivers who do not perceive great risk in speeding more than 20 3 
mph over the speed limit are associated with reductions in the tailgating metrics reflecting 4 
headways less than 1.5 seconds.  This finding may capture the behavioral patterns of drivers who 5 









between 2 s and 1.5 s) 
Tailgating metric 
(Following headway 
between 1.5 s and 1 s) 
Tailgating metric 
(Following headway 
less than 1 s) 
 Coeff. t-stat Coeff. t-stat Coeff. t-stat 
Constant -2.103 -2.240 -1.389 -3.210 - - 
Age indicator (1 if participant's age is less than 35 years, 0 
otherwise) 2.264 4.420  1.403  4.600 - - 
Trip area/Month indicator (1 if trip made in control area in 
the month of May, 0 otherwise) -1.706 -3.900 -0.690 -3.010 - - 
Age indicator (1 if participant's age between 35 and 49 
years, 0 otherwise) 2.313 3.600  1.248  3.480 - - 
Trip Duration (secs) 0.005 2.680 - - - - 
Race indicator (1 if participant is American Indian, Alaskan 
Indian, Asian or African American, 0 otherwise) 0.893 2.220 - - - - 
Driver training indicator (1 if participant was trained 
informally by parent, family friend or friend, 0 otherwise) -1.074 -2.090 -0.731 -2.680 - - 
Risk perception indicator (1 if participant doesn't perceive 
great risk in making illegal turns, 0 otherwise) 1.304 2.490  0.805  2.300 0.366 2.250 
Household/Education indicator (1 if participant lives in 
one-parent household or alone and has some high school 
education, 0 otherwise) 
1.590 3.440  1.138  4.360 - - 
Average trip speed (mph) 0.106 5.820 - - 0.015 2.750 
Driver Miles indicator (1 if the participant drove more than 
15,000 miles in the previous year, 0 otherwise) 2.246 4.010  1.541  4.100 0.618 3.520 
Time of trip indicator (1 if trip was made between 6 am and 
12 or between 3 pm and 9 pm, 0 otherwise) -0.729 -2.510 - - - - 
Number of traffic signals in a trip -1.377 -3.560 -0.624 -2.500 -0.190 -1.650 
Square of average trip speed (mph2) - -  0.001  4.540 - - 
Vehicle age (years) - -  0.146  4.020 0.148 5.640 
Risk perception indicator (1 if participant doesn't perceive 
great risk in driving to reduce tension, 0 otherwise) - -  0.332  2.180 - - 
Risk perception indicator (1 if participant doesn't perceive 
great risk in driving more than 20 mph over speed limit, 
0 otherwise) 






between 2 s and 1.5 s) 
Tailgating metric 
(Following headway 
between 1.5 s and 1 s) 
Tailgating metric 
(Following headway 
less than 1 s) 
 Coeff. t-stat Coeff. t-stat Coeff. t-stat 
Education level indicator (1 if participant had some post-
graduate education or has an advanced degree ,0 
otherwise) 
- - 0.510 3.200 - - 
Participant age indicator (1 if the participant is older than 
65 years, 0 otherwise) - - - - -0.282 -2.070 
Average speeding (average vehicle speed greater than 
speed limit) - - - - 0.073 3.440 
Trip frequency indicator (1 if the participant undertook 
more than 5 trips, 0 otherwise) - - - - -0.934 -4.340 
LL(0) -7780.461 -7780.461 -7780.461 
LL(β) -7758.894 -7758.894 -7758.894 
N (Number of observations) 1037 
System R2   0.136 




Table 4 presents the estimation results of the grouped random parameters ordered probit 1 
model with heterogeneity in means for unsafe lane changes.  Specifically, trips conducted during 2 
the months of May, June or July in areas of HVE implementation are associated with a reduction 3 
(by -0.003) in the likelihood of occurrence of  3 or more unsafe lane changes.  This possibly reflects 4 
temporal spillover effects of the implementation of HVE in terms of improving driving behavior 5 
by reducing the occurrence of unsafe lane changes. 6 
Focusing on the driver-specific characteristics, the majority of trips (70.20%) made by 7 
drivers with at least one crash or traffic violation during their lifetime are more likely to result in 8 
3 or more unsafe lane changes.  In contrast, 76.80% of trips made by drivers with high trip 9 
frequency (i.e., drivers who conducted more than 5 trips throughout the same location during the 10 
study period) are associated with higher probability of zero unsafe lane changes.  This finding is 11 
consistent with the relevant results of speeding and tailgating models, and possibly reflects the 12 
awareness of frequent travelers about the implementation of HVE program. 13 
The use of older cars (older than 5 years) is found to decrease (by 0.001) the probability of 14 
unsafe lane change occurrence throughout the trip possibly reflecting risk-compensating behavior 15 
of old vehicles’ users.  In contrast, the probability of unsafe lane changes occurrence increases in 16 
trips made by drivers involved in multi-member households with more than 2 vehicles.  This 17 
finding may be capturing unobserved effects arising from the driving experience or driving 18 
confidence of these individuals.  Similarly, drivers who live in their own house for more than 5 19 
years are more likely to perform 3 or more unsafe lane changes throughout the trip.  Such a 20 
propensity could be attributed to the familiarity of this group of drivers with the roadway- or 21 
traffic-specific characteristics of the trip area.  In addition, almost half of the trips made with 22 
passenger cars or pickup trucks are found to be associated with 3 or more unsafe lane changes.  23 
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To account for heterogeneity patterns arising from unobserved driver-, roadway- or 1 
vehicle-specific characteristics, heterogeneity in the means of random parameters has been 2 
introduced (Mannering et al., 2016; Behnood and Mannering, 2017a; Behnood and Mannering, 3 
2017b).  Specifically, greater number of vehicles in the household is found to decrease the means 4 
of the random parameters representing drivers having at least 1 crash or violation in their driving 5 
past and drivers using cars or pickup trucks.  Thus, the distributional effect of these random 6 
parameters is affected, and in both cases, the percentage of trips exhibiting unsafe lane changes 7 
decreases.  In contrast, greater number of vehicles in the household is found to increase the mean 8 
of the random parameter relating to drivers with high trip frequency.  Thus, in cases of households 9 
with greater number of vehicles, drivers with high trip frequency are more likely to perform unsafe 10 
lane changes.  11 
  12 
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Table 4. Estimation Results of the Grouped Random Parameters Ordered Probit Model with 1 
Heterogeneity in Means for Unsafe Lane Changes 2 
 3 
Variable Coefficient t-stat 
Constant -0.598 -3.170 
HVE/Month Indicator (1 if trip was made in HVE area in May, June or July, 0 
otherwise) -0.271 -3.220 
Time at residence indicator (1 if participant owns their residence and resided 
there for more than 5 years, 0 otherwise)  0.278  3.520 
Vehicle age indicator (1 if vehicle older than 5 years, 0 otherwise) -0.163 -1.820 
Vehicle/ Household size indicator (1 if household size >2 and number of 
vehicles owned >2 , 0 otherwise)  0.382  3.510 
Driver training indicator (1 if participant was trained informally by parent, 
family friend or friend, 0 otherwise) -0.425 -5.070 
Crashes/Violations indicator (1 if driver had at-least 1 crash or violation, 0 
otherwise)  0.372  2.110 
Standard Deviation of parameter density function  0.701 10.680 
Vehicle classification indicator (1 if vehicle driven is car or pickup truck, 0 
otherwise)  0.287 1.440 
Standard Deviation of parameter density function  0.460 11.220 
Trip frequency indicator (1 if the participant undertook more than 5 trips, 0 
otherwise) -0.242 -1.110 
Standard Deviation of parameter density function  0.331  9.010 
Heterogeneity in means of random parameters   
Crashes/Violations indicator : Number of vehicles in household -0.238 -3.490 
Vehicle classification indicator: Number of vehicles in household -0.151 -1.850 
Trip frequency indicator: Number of vehicles in household  0.156  1.830 
Threshold parameters   
𝝁𝝁𝟏𝟏  1.141 20.120 
𝝁𝝁𝟐𝟐  1.992 24.860 
N   1704 
LL(0) -1317.990 
LL(β) -1126.872 
Adjusted McFadden Pseudo-R2        0.131 
Aggregate distributional effect of the random parameters across the observations 
 Above zero 
Below 
zero 
Crashes/Violations indicator (1 if driver had at-least 1 crash or violation, 0 
otherwise) 70.20% 29.80% 
Vehicle classification indicator (1 if vehicle driven is car or pickup truck, 0 
otherwise) 80.70% 19.30% 
Trip frequency indicator (1 if the participant undertook more than 5 trips, 0 
otherwise) 23.20% 76.80% 
 Marginal Effects 
Variable [y=0] [y=1] [y=2] [y=3] 
HVE/Month Indicator (1 if trip made in HVE area in 
May, June or July, 0 otherwise) -0.012 0.004 0.006 -0.003 
Vehicle age indicator (1 if vehicle older than 5 years, 
0 otherwise) -0.004 0.001 0.002 -0.001 
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 Marginal Effects 
Variable [y=0] [y=1] [y=2] [y=3] 
Vehicle/ Household size indicator (1 If household 
size >2 and number of vehicles owned >2 , 0 
otherwise) 
-0.021 0.004 0.011 -0.006 
Driver training indicator (1 if participant was trained 
informally by parent, family friend or friend, 0 
otherwise) 
-0.025 0.002 0.015 -0.009 
Crashes/Violations indicator (1 if driver had at-least 
1 crash or violation, 0 otherwise) -0.051 0.025 0.018 -0.008 
Vehicle classification indicator (1 if vehicle driven is 
car or pickup truck, 0 otherwise) -0.023 0.010 0.009 -0.004 
Trip frequency indicator (1 if the participant 
undertook more than 5 trips, 0 otherwise) -0.006 -0.002 0.005 -0.003 
Diagonal and off-diagonal elements of the Γ matrix [t-stats in brackets], and correlation 
coefficients (in parentheses) for the correlated random parameters 
 
Month/HVE indicator 
(1 if trip was made 
after 6th May 2012 in 
HVE implementation 
area, 0 otherwise) 
Vehicle classification 
indicator (1 if vehicle 
driven is car or pickup 
truck, 0 otherwise) 
Month/HVE indicator (1 if trip was made after 6th 
May 2012 in HVE implementation area, 0 otherwise) 
1.56157 [2.17] 
(1.000) - 
Vehicle classification indicator (1 if vehicle driven is 






  2 
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Table 5 provides the estimation results along with the (pseudo-) elasticities of the correlated 1 
grouped random parameters binary logit model for ‘other’ aggressive driving behavior types.  2 
Turning to estimation results, 67.2% of trips conducted after the first week of May 2012 in areas 3 
of HVE implementation are less likely to exhibit any type of ‘other’ aggressive driving behaviors; 4 
the opposite has been observed for the remaining 32.8% of trips.  This variable represents the core 5 
period of HVE implementation, during which, the vast majority of drivers are aware of the 6 
enforcement program; it should be noted that in the early period of implementation (e.g., in the 7 
first few weeks), some drivers may not be informed that the high-visibility enforcement takes 8 
place.   9 
Table 5 shows that positive correlation (coefficient is equal to 0.678) may exist between 10 
systematically varying unobserved factors captured by the two random parameters (HVE 11 
implementation and month indicator; vehicle classification indicator). The positive value of the 12 
correlation coefficient indicates that the interaction of the unobserved effects has consistent effect 13 
(either positive or negative) on the probability of occurrence of ‘other’ aggressive driving 14 
behaviors.  This could be capturing unobserved habitual driving patterns that may vary across the 15 
specific vehicle types (car or pickup truck).  16 
Higher average speeding throughout the trip was found to increase the likelihood of 17 
occurrence of such behavioral types, possibly capturing drivers’ consistent propensity to various 18 
patterns of aggressive driving.  Moreover, the type of vehicle (passenger car or pick-up trucks) is 19 
found to have variable effect on the likelihood of occurrence across the trips.  Specifically, the 20 
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variable increases the likelihood of occurrence of ‘other’ aggressive driving behavior types for 1 
almost half of the trips, and decreases it for the other half of trips. 2 
As far as the driver-specific characteristics are concerned, any type of ‘other’ aggressive 3 
driving behaviors is more likely (by 10.3%) to occur in trips conducted by Hispanic or Latino 4 
drivers.  In addition, trips made by female drivers without full-time employment are less likely (by 5 
-4.2%) to exhibit ‘other’ aggressive driving behavior types.  This finding may be picking up the 6 
effect of driving habits of this group of drivers, who are overall less likely to indulge in aggressive 7 
driving (Shinar and Compton, 2004; Fountas et al., 2019).  This group of drivers is also likely to 8 
escort children in various activities (e.g., school, leisure, sports), as such, they may exercise greater 9 
driving caution while conducting children-related trips. 10 
 11 
  12 
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Table 5. Correlated Grouped Random Parameters Binary Logit Model for ‘Other’ Aggressive 1 






Constant -2.392 -7.600 - 
Gender/work status indicator(1 if female respondent without full 
time employment, 0 otherwise) -0.530 -2.790 -0.042 
Attitude/Crash record indicator (1 if respondent doesn't perceive risk 
in making illegal turns and if the respondent had at-least one crash 
or violation in their lifetime, 0 otherwise) 
 0.569  2.570  0.027 
Household size indicator (1 if number of people in household is 
greater than 2, 0 otherwise) -0.372 -2.110 -0.022 
Ethnicity indicator (1 if participant is of Hispanic or Latino 
ethnicity, 0 otherwise)  0.996  3.390  0.103 
Average speeding (vehicle speed greater than speed limit)  0.035  1.880  0.078 
Month/HVE indicator (1 if trip was made after 6th May 2012 in 
HVE implementation area, 0 otherwise) -0.694 -1.050 -0.034 
Standard Deviation of parameter density function  1.562  2.170 
Vehicle classification indicator (1 if vehicle driven is car or pickup 
truck, 0 otherwise)  0.055  0.260  0.009 
Standard Deviation of parameter density function 0.990 13.380 
N                     1690 
LL(0) -312.754 
LL(β) -277.075 
Adjusted McFadden Pseudo-R2      0.079 
Aggregate distributional effect of the random parameters across the observations 
 Above zero Below zero 
Month/HVE indicator (1 if trip was made after 6th May 2012 in 
HVE implementation area, 0 otherwise) 32.80% 67.20% 
Vehicle classification indicator (1 if vehicle driven is car or pickup 
truck, 0 otherwise) 52.20% 47.80% 
Correlation Matrix   
 Month/HVE indicator (1 if trip 
was made after 6th May 2012 in 
HVE implementation area, 0 
otherwise) 
Vehicle classification 
indicator (1 if vehicle 
driven is car or pickup 
truck, 0 otherwise) 
Month/HVE indicator (1 if trip was made 
after 6th May 2012 in HVE implementation 
area, 0 otherwise) 
1.562 [2.170] (1.000) - 
Vehicle classification indicator (1 if 
vehicle driven is car or pickup truck, 0 
otherwise) 
0.670 [4.450] (0.678) 0.728 [4.930] (1.000) 
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SUMMARY AND CONCLUSION 1 
This paper provides a comprehensive investigation of the effect of HVE implementation on 2 
speeding, tailgating, unsafe lane changes and ‘other’ aggressive driving behavior types controlling, 3 
at the same time, for the effect of other influential driver-, trip-, weather- and vehicle-specific 4 
characteristics.  The SHRP2 Naturalistic Driving Study data were analyzed to identify various 5 
behavioral traits of drivers before, during and after the HVE implementation in two sites in Erie 6 
County, NY.  The development of unique – to the authors’ knowledge – scaled speeding and 7 
tailgating metrics can provide a more robust assessment of the various levels of speeding and 8 
tailgating behavior, since the determinants of each separate level of speeding and tailgating 9 
behavior can be directly identified.  10 
In term of speeding and tailgating, the HVE programs are found to have an indirect effect 11 
on driving behavior.  The results of the statistical analysis showed that the awareness of HVE 12 
implementation decreases the metrics of speeding and tailgating for traversals across the control 13 
areas.  In terms of unsafe lane changes, the HVE programs are observed to have a more direct and 14 
pronounced effect on driving behavior.  The results show that HVEs have the potential to reduce 15 
the likelihood of unsafe lane changes, not only during the implementation period but also during 16 
the post-implementation period.  At the same time, HVEs are found to reduce the likelihood of 17 
other aggressive driving behavior types (such as red light / stop sign violations and failure to yield 18 
right-of-way) for the vast majority of drivers.  19 
This study proposes a comprehensive evaluation framework of the effectiveness of HVE 20 
programs in addressing various aspects of aggressive driving behavior.  This framework can be 21 
effectively used for the investigation of similar safety countermeasures, while the empirical 22 
findings of the analysis can be leveraged for the development of “soft” safety countermeasures. 23 
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Specifically, as highlighted by the study findings, the post-licensure driver training is effective in 1 
curbing aggressive driving tendencies, and specifically speeding behavior.  In this context, new 2 
training or awareness raising campaigns could be developed and targeted at groups of driving 3 
population with persistent, yet aggressive driving patterns.  For example, such groups may include 4 
drivers prone to traffic violations or drivers with high driving self-efficacy, who were found not to 5 
be significantly affected by the enforcement programs in terms of modifying their behavioral 6 
patterns.   7 
 8 
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